The mining environment presents a challenging prospect for stereo vision. Our objective is to produce a stereo vision sensor suited to close-range scenes consisting mostly of rocks. This sensor should produce a dense depth map within real-time constraints. Speed and robustness are of foremost importance for this application. This paper compares a number of stereo matching algorithms in terms of robustness and suitability to fast implementation. These include traditional area-based algorithms, and algorithms based on non-parametric transforms, notably the rank and census transforms. Our experimental results show that the rank and census transforms are robust with respect to radiometric distortion and introduce less computational complexity than conventional area-based matching techniques.
INTRODUCTION
Binocular stereo vision is a method of depth perception, in which three-dimensional information may be recovered by comparing two images of an object, viewed from two different perspectives. When the orientation of the cameras is known, corresponding points in the two images can be triangulated back to compute the three-dimensional world coordinates of the point.
The mining environment presents a challenging prospect for stereo vision. Our objective is to produce a stereo vision sensor suited to close-range scenes consisting mostly of rocks. This sensor should be capable of producing a dense depth map within real-time constraints. Speed and robustness are of foremost importance for this application. However, a high level of accuracy is not regarded as critical, since our concern is with the presence and overall extent of obstacles, rather than the precise location of their boundaries.
A fundamental problem in stereo vision is that of locating corresponding or matching points in the two images. Area-based matching algorithms are characterised by the fact that they compare actual grey-level pixel values in the two images in order to find the best match. These algorithms are well suited to textured scenes [l] , such as scenes containing rocks. In addition, they have the potential to Section 2 outlines the prin.ciple of area-based matching, and discusses a few commonly used matching measures. Nonparametric matching techniques, in particular, the rank and census transforms, are described in Section 3. The resulting disparity maps produced using both area based and nonparametric matching algorithms, are shown in Section 4. Section 5 discusses the rlobustness of each approach with respect to radiometric distortion, and also comments on their relative computatiorial complexity.
AREA-B.ASED MATCHING
Area-based matching algorithms are characterised by the fact that they compare regularly sized regions of pixel values in the two images, in order to find the best match. A point to be matched essentially becomes the centre of a small window of pixels, which is compared with similarly sized regions in the other image. Matching measures are used to provide a numerical measure of the similarity between a window of pixels in one image and a window in another image, and hence are used to determine the optimum match. Some simple matching measures are listed in Table 1 . All these metrics use a square window of pixels as the basis for comparison.
A dense disparity map ma.y be achieved by denoting one image as the "template", and locating the optimum match for every window in this template image. Epipolar geometry [5] is used to improve the efficiency of the matching process by constraining the two dimensional search for a match to one dimension. The input, stereo pair may be rectified such that the epipolar lines correspond to the horizontal scan lines [6] . Figure 1 illustrates a simple approach used in area based matching, in which the value of the matching metric 
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is computed using a fixed window in the first image and a shifting window in the second image. The shifting window is moved in integer increments along the epipolar line, where the amount of shift is the test disparity [2] . The disparity having the optimum value for the matching metric is then chosen.
The disparity results achieved are highly dependent on the choice of matching metric. The SAD and SSD measures are the simplest and least computationally intensive, and are based on the assumption that corresponding areas in the two images will be similar in appearance. The SAD and SSD scores will be lower for more similar regions, therefore, the disparity having the lowest score is chosen. These metr i c~ are highly sensitive t o radiometric distortion, in which the pixel values in one image differ from the pixel values in the other image by a constant offset and/or gain factor [7] .
The ZSAD and the ZSSD have been devised to deal with this problem, by subtracting the mean of the match area from each intensity value. However, the improved performance of the ZSAD and ZSSD over the SAD and SSD is offset by substantially increased computational complexity. The NCC measure deals with a possible gain factor using a normalising denominator consisting of the variances of each window, while the ZNCC measure additionally deals with the offset problem by first subtracting the mean from each pixel value. For these metrics, the largest value represents the best match.
NON-PARAMETRIC TECHNIQUES
In these techniques, non-parametric transforms are applied to the images prior to matching. Non-parametric transforms are based on the relative ordering of pixel intensities within a window, rather than the intensity values themselves. Consequently, these transforms are robust with respect to radiometric distortion, since differences in gain and bias between two images will not affect the ordering of pixels within a window. In addition, these transforms are tolerant to a small number of outliers within a window, and are therefore robust to small amounts of random noise [8] .
Two non-parametric transforms which are suited to fast implementation are the rank transform and the census transform [9] .
R a n k Transform
The rank transform is is defined as the number of pixels in the window whose value is less than the centre pixel. The images will therefore be transformed into an array of integers, whose value ranges from 0 to N -1, where N is the number of pixels in the window. The number of bits needed to represent an element of the rank transformed image may be less than the number of bits per pixel in the original image. For a 5 x 5 transform window, for example, 5 bits are required to represent each element in the rank transformed image, while in the original image, each pixel would typically consist of 8 bits. This is advantageous in a hardware implementation, since a smaller number of bits to be operated on leads to a narrower data path and consequently a lesser requirement for chip area [lO] .
A pair of rank transformed images are matched using one of the matching metrics of Table 1 . For hardware implementation, it is advantageous to use a matching metric based on integer arithmetic, such as the SAD or the SSD.
Census Transform
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This transform maps the window surrounding the centre pixel to a bit string. If a particular pixel's value is less than the centre pixel, the corresponding position in the bit string will be set to 1, otherwise it is set to zero. In this way, a grey level image is transformed into an array of bitstrings. Two census transformed images are compared using a similarity metric based on the Hamming distance, which is the number of bits that differ in the two bit strings, The Hamming distance is summed over the window, ie, Two hardware implementations of this scheme are discussed in [11, 121. 
EXPERIMENTAL RESULTS
The area-based matching metrics of Table 1 and the rank and census transforms were implemented in software, in order to investigate their suitability for scenes containing rocks. All implementations accept a rectified stereo pair as input and produce a disparity map as output. The J1 test stereo pair shown in Figure 3 , where lighter regions in the disparity maps correspond to larger disparities. A matching window size of 11 x 11 was used in each case. The left-right consistency criterion[%] was used to remove invalid matches. Isolated matches which remain after left-right checking were also removed, based on the assumption that these matches are likely to be incorrect[2, 31.
DISCUSSION
The SAD and the SSD are clearly not robust in the case of radiometric distortion, as shown by Figure 3 . In fact, results obtained using a number of test images [l4] show that the SAD and SSD are consistently out-performed by all other techniques tested. Use of the ZSAD, ZSSD, NCC and ZNCC resulted in improved robustness, however, these metrics introduce additional computational complexity. Both the rank transform followed by matching with the SAD metric, and the census transform followed by matching with the Hamming metric were found to be invariant to radiometric distortion, as shown in Figure 3 . These techniques also do not introduce the computational complexity of the ZSAD, ZSSD, NCC and ZNCC. An additional advantage of both these algorithms is their suitability to fast hardware implementation. Consequently, they are well matched to the design goals of speed and robustness for a stereo sensor for mining automation applications. 
